Studies attempting to project the impact of providing health coverage to the uninsured population have demonstrated considerable variation in the estimated costs of mental health care. Different modeling approaches to project health care use and costs have been shown to address some data characteristics well, but not all of them. Using data from Health Care for Communities, a recent national household survey, this paper attempts to estimate and predict the use of mental health outpatient services if insurance coverage were extended to the uninsured. The study employs two-part models, with the second part based on an ordinary least squares (OLS) approach and a generalized linear model (GLM), and a zero-inflated negative binomial model (ZINB). Estimates and predictions are not sensitive to the modeling approaches chosen, although the ZINB model outperforms the two-part models in terms of out-ofsample prediction. Yuhua Bao, M.A., is a doctoral fellow at the RAND Graduate School.
Extending health insurance to the uninsured has been an important policy issue for the past several decades. Huge uncertainty about the costs of incremental use of health care as a result of such an extension, among others, has hindered the benefit design of the expanded insurance. This is especially true in the case of mental health care. Studies attempting to project increased costs of covering the uninsured have shown great variations in the estimated costs of mental health care (Frank and McGuire 1995) . In some of the studies, lack of detailed information on individual socioeconomic and health conditions may have led to systematic bias of the true effect of insurance. In others, however, failure to adopt an appropriate econometric model that best approximates the underlying data-generating process of mental health care utilization may explain part of the variation.
Several aspects of health care utilization data are well known to health economists, including the nontrivial fraction of zero outcomes (the nonusers), and positively skewed distribution of nonzero outcomes. Compared with general outpatient health services, data for use of mental health outpatient care usually contain a larger fraction of nonusers, and therefore deserve more scrutiny in the selection of modeling approaches. A multi-part model, and a two-part model in particular, were developed out of the RAND Health Insurance Experiment literature (e.g., Duan et al. 1983 ) and have been extensively applied ever since. Because the second part of the two-part model is based on an ordinary least squares (OLS) approach on the log scale, it relies on a nonparametric smearing retransformation to derive estimation on the raw scale when the log-scaled errors are not exactly normal (Duan 1983) . Although various studies have demonstrated its performance in the presence of common distributional characteristics of health care data (Duan et al. , 1984 , more recent studies (Manning 1998; Manning and Mullahy 2001) have pointed out the potential bias of the smearing retransformation when the log-scaled error is heteroscedastic in a way that depends on the covariates. As proposed in several recent studies (for example, Blough, Madden, and Hornbrook 1999; Manning and Mullahy 2001) , another approach to modeling the positive outcome-that is, the second part of the two-part model-is the generalized linear model (GLM). The GLM has been shown to better capture the nature of heteroscedasticity in the data if the underlying distribution is correctly specified. However, results of Monte Carlo studies indicate that the GLM can be very imprecise in the presence of heavy-tailed errors.
In addition to the two-part approach, the econometric literature also has developed an alternative of the Poisson or the negative binomial model when there is a mix of zero and nonzero count outcomes, and when the researchers can hypothesize reasonably two data-generating processes of the zero outcomes-the zero-inflated Poisson or zero-inflated negative binomial model (Lambert 1992; Greene 1994) . It is one of the models adopted by Zuvekas (1999) in a recent study predicting incremental mental health utilization in response to expanded insurance coverage. In general, the underlying datagenerating process, as well as the specific distributional features of the data, will determine the relative merit of the different approaches.
This paper estimates the two-part models based on OLS and GLM, and the zero-inflated negative binomial (ZINB) model for annual mental health outpatient visits using data from Health Care for Communities (HCC), a household survey fielded in 1997-98. One goal of this study is to compare the different modeling approaches in terms of out-of-sample prediction power, given the particular data. Since it is usually of interest to policy makers to predict the incremental effect on the use of health care as a result of a specific policy-in this case, extending insurance coverage to the uninsuredthis study also calculates and contrasts conditional prediction of mental health outpatient visits when the uninsured cases are switched to dif-ferent types of insurance 1 , based on the three estimated models. It is shown that different modeling approaches yield similar results in conditional prediction, although the zero-inflated negative binomial model outperforms the other two in terms of out-of-sample prediction.
This paper makes a methodological contribution to the econometric analysis of data on mental health care. Using an empirical example, it demonstrates the process of selecting different models based on observed data characteristics. It shows the relative performance of the three modeling approaches in the context of mental health outpatient care when neither the skewness nor the heteroscedasticity problem is very significant. However, it is worth noticing that the study's numerical results per se may not be useful in assisting the design of health insurance policy. While the past decade has been characterized by dramatic changes in how mental health care is organized and delivered (Sturm 1999 )-especially in the growth of mental health carve-outs-there is limited information in the HCC on the nature of mental health benefits. Therefore, despite the fact that the HCC collects much better information on mental health status than earlier studies , the lack of detailed data on various supply-side factors prevents the results from providing reliable policy implications. However, the implications of the findings on model selection should prove useful to researchers who have access to detailed data on the benefit and management of mental health care and are contemplating choices of competing models.
The rest of the paper is organized as follows. The next section presents alternative models applied in estimating and predicting the effect of extended insurance on mental health outpatient care. The third section describes data and essential variables in the analysis. The fourth section provides further details on the specifications of the models, methods adopted in validating the models, the idea of conditional prediction, and the non-parametric method of deriving standard errors for the estimation and prediction. The fifth section presents results from estimating the models and the predicted outcome of extending public / private insurance based on the estimated models. The last section discusses results from the three models and the implications of the re-sults regarding model selection for the analysis of mental health outpatient care.
Alternative Models
The Two-Part Model of Health Care Utilization A common characteristic of health care utilization data from household surveys is that a significant proportion of the sample does not use any care over a specified period of time, which makes the two-part model a natural candidate for the modeling approach ). The first part of the model is a latent index function for the dichotomous event of having any use or no use in the specified period of time:
where I is the index. When I i Ն 0, the individual i is a user of mental health outpatient care (i.e., Visit i Ͼ 0. When I i Ͻ 0, Visit i ϭ 0). The second part models the expected use of medical services (mental health outpatient visits in this case) given that the individual is a user, that is,
For the second part of the two-part model, this paper compares two hypotheses regarding the data-generating process. One hypothesis is represented by the traditional log-linear specification (the OLS-based approach) as used in most of the RAND Health Insurance Experiment literature ) with heterogeneous retransformation. The other is the generalized-linear-model approach (Blough, Madden, and Hornbrook 1999; Manning and Mullahy 2001) , which approximates the empirical distribution of the data by specifying the conditional variance of the dependent variable as a function of its mean, and which does not require retransformation to derive policy-relevant estimates.
The OLS-Based Approach
The OLS-based approach to the second part of the model assumes that the log of positive visits is a linear function of insurance coverage, predisposing factors, supply-side factors, other sociodemographic characteristics, and a stochastic term:
Alternatively, the data-generating mechanism can be represented by
Notice that the error term in the second part of the model is, in general, heteroscedastic. Manning and Mullahy have pointed out the problems with a homogeneous non-parametric retransformation (Manning 1998; Mullahy 1998) . Namely, if the error term ⑀ i is not independent of x i , the homogeneous retransformation yields inconsistent estimates for E(Visit ͦ Visit Ͼ 0, x) and other policy-relevant parameters. Some of the earlier studies adopted a heteroscedastic form of a smearing estimator that varies by insurance plans or insurance status Zuvekas 1999) , based on the observation that the variation of log-scaled error partly depends on the insurance plan or the insurance status. Different data may suggest different patterns of heteroscedasticity, which is empirically testable.
The GLM-Based Approach
The GLM models E(Visit ͦ Visit Ͼ 0, x) directly by specifying it to be a function of some linear combination of the covariates x i (McCullagh and Nelder 1989) . Paralleling Manning and Mullahy (2001) and taking the general approach in modeling health care use (which only takes positive values), this study adopts the exponential function as the link function. That is,
␤ G can be estimated by further specifying the mean-variance structure of the outpatient visits conditional on x. Monte Carlo studies (Manning and Mullahy 2001) have shown that the efficiency of estimation varies significantly across different stochastic assumptions for the meanvariance structure of the dependent variable when various data problems such as skewness and heavy-tailedness are present. The authors suggest a modified version of the Park test (Park 1966 ) as a diagnostic test for the variance function when the GLM is applied. As will be discussed later in the paper, applying the test to the sample in this study suggests that the Poisson formulation of the dependent variable would be appropriate.
The two-part model suggests that the expected number of mental health outpatient visits is the product of the probability that the individual uses any care and the expected use given that the individual is a user. That is,
The Zero-Inflated Negative Binomial Model (ZINB)
A natural candidate for the analysis of count data is the Poisson model, for which the negative binomial model is an appropriate alternative when the variance of the count is not necessarily equal to its mean, a case usually referred to as ''over-dispersion '' or ''under-dispersion.' ' When there are excess zeros in the count-based outcome, the zero-inflated negative binomial model has been proposed to capture the two different regimes from which the zero outcomes arise (Lambert 1992; Greene 1994) . In the context of mental health outpatient care, individuals never may incur any visits (regime 1), or, individuals may have the potential to use the service, yet not use any during the recall period of the study (regime 2). If the binary outcome of regime 1 (vs. regime 2) follows a logistic process, and the count of events in regime 2 (both zeros and nonzeros) follows a negative binomial distribution, the probability of having zero and nonzero visits can be represented by:
where f (·) is the probability density of the negative binomial distribution for the second regime.
Data
As already noted, the analysis uses data from Health Care for Communities, a national house-hold survey fielded in 1997-98 , to estimate the alternative models and to compare the empirical properties of the different modeling approaches. Respondents selected for HCC interviews came from a random sample of the participants of the Community Tracking Study (CTS), which was conducted 15 months earlier. The CTS sample is representative of the U.S. civilian, noninstitutionalized population. It includes a sample clustered within 60 randomly selected U.S. communities, as well as a national sample. Twelve of the communities were considered primary sites and had larger sample sizes, and the remaining were considered secondary sites (Kemper et al. 1996) . HCC selected 14,985 from a random sample of 30,375 CTS telephone respondents. To allow for national estimates, HCC over-sampled individuals from the geographically dispersed sample and from secondary CTS sites. HCC also over-sampled individuals with low incomes, high psychological distress or with use of mental health specialty care, based on responses to the CTS survey, in order to provide more precise national estimates of mental health need. The sample was stratified by low income (family income of $20,000 or less) vs. high income, psychological distress (based on two mental health items in the SF-12 or 12-item Health Survey Questionnaire) vs. nondistressed, and mental health specialty use in the past 12 months vs. no use. HCC selected every CTS respondent with psychological distress or mental health use (N ϭ 7,164); from the nondistressed nonusers, samples of nonpoor (N ϭ 4,305) and poor (N ϭ 3,516) were drawn. Of those 14,985 attempts, 9,585 completed the HCC interview (response rate 64%). Weights were derived based on the inverse of the probability of selection, nonresponse, and nontelephone households.
This study focused on the nonelderly adult population; 4 it excluded 331 individuals due to missing information on some of the variables. Among the 7,555 individuals used for the analysis, 1,104 (14.6% of the sample) were uninsured, and 6,425 (85.0%) had some type of health insurance. Of the insured, about 88.5% (N ϭ 5,685) were enrolled in a private health plan, and 10.5% (N ϭ 675) were enrolled in a public health plan as their main plan. 5 For 26 individuals, no insurance status could be identified. Essential variables in this study include measures of mental health outpatient utilization, insurance status, and mental health status. Descriptive statistics of the variables used in the analysis are reported in Table 1 .
Dependent Variables
Mental health outpatient utilization. This study used a relatively narrow definition for mental health outpatient utilization. Respondents were counted as having used any mental health outpatient care if they had seen a mental health provider-such as a psychiatrist, psychologist, social worker, psychiatric nurse, or counselorfor emotional or mental health problems (excluding overnight stays, emergency room visits, or visits just for drug or alcohol problems) in the past 12 months. Those who reported any use of outpatient mental health care then were prompted for the number of visits they made during that year. It should be noted that the selfreported data on mental health outpatient care during the last 12 months are likely to be biased due to stigma associated with mental health problems as well as the long recall period. However, the current analysis does not attempt to correct for this potential bias. Figure 1 shows the distribution of mental health outpatient visits for the entire estimation sample, which visually demonstrates the excess zeros (almost 90% of the sample) in the outcome. Figure 2 is a histogram of positive visits to mental health specialists, which has a long tail because of a few heavy users, indicating that utilization among users is skewed to the right. The distribution of the natural log of the positive visits is presented in Figure 3 , which suggests that the assumption of a log-normal distribution of the positive outcome of the dependent variable is not appropriate given the distribution of the data.
As part of the analysis, a sensitivity analysis was conducted by leaving out one extreme user who reported 365 mental health outpatient visits in the past 12 months. Although this was selfreported use and did not allow verification by medical records, 365 visits is beyond the mental health outpatient limit of most insurance plans and therefore its validity is subject to questioning.
Independent Variables
Insurance coverage. Health insurance coverage is important information that HCC seeks to collect. This study limited attention to two types of insurance coverage: public and private. Individuals were identified as either privately insured, publicly insured, or uninsured. If an individual reported that his or her main insurance plan was through current employment, through the employer of someone else in the household, or selfbought, that person was considered privately insured. 6 Virtually all other types of insurance were considered public, including Medicare, Medicaid, and other state insurance. Individuals that reported military insurance or Indian Health Insurance as their main plan were excluded. 7 Economic theory suggests that health care utilization is a function of both supply and demand factors. Therefore, to control for supplyside effects, a complete model should include some indices of mental health care benefits and plan management. Although the HCC contained questions on detailed benefit design of mental health coverage, including deductibles, co-pay or co-insurance rates, this study was not able to use that information because of serious item nonresponse. The HCC collected data on three management strategies adopted by health insurance plans: 1) primary care gatekeeping; 2) preauthorization for specialty care; and 3) a closed provider panel. Following Sturm and Sherbourne's (2000) strategy, insurance plans were categorized into three types of managed care: strong, weak, and unmanaged, depending on whether the plan adopted all three, at least one, or no such management strategies, respectively. Estimated coefficients of the three indicators were numerically small and statistically insignificant, and therefore were left out of the analysis. Given the high penetration of mental health carve-outs in the mental health specialty care market, it is probably not surprising that these managed care indices, which reflect the management feature of the health plan instead of the carve-out, failed to account for variations in mental health care utilization.
Mental health status. HCC collected information on individuals' mental health status, which is an important predictor of utilization. The Composite International Diagnostic Interview (CIDI-SF) was used to assess risk for ma- jor depressive, dysthymic, or generalized anxiety disorder. The CIDI stem items for panic disorder plus limitation in role functioning on the SF-12 were used to assess risk for panic disor-der. The CIDI stem item for lifetime manic symptoms was used to assess risk for bipolar disorder. Probable psychotic disorder was determined if the individual ever had an overnight stay for psychotic symptoms, or ever received a diagnosis of schizophrenia from a doctor. Individuals were identified as having any probable mental health disorder if they were assessed to be at risk of any of the aforementioned disorders. In addition, a score for mental health inventory was calculated from answers to the fiveitem mental health scale included in the Short Form 36 (SF-36) Health Status questionnaire (Wells et al. 1996) . The mental health inventory score ranges from 0 to 100, with higher scores indicating better mental health.
Although the HCC's better measurement of mental health status (compared to earlier data such as the National Medical Expenditure Survey or NMES) mitigates the omitted-variable bias in the estimated incremental effect of insurance coverage, it is not a perfect measurement. As a result, the potential bias due to selection is not eliminated, a point to be discussed further later.
Other independent variables were: number of chronic conditions, 8 and individual sociodemographics, including log of earned income, age, age squared, gender, race and ethnicity (black/ Hispanic), marital status (married or not), and education (high school, some college, college, and higher).
Estimation and Validation
The two-part model-with the OLS-based or GLM-based second part, and the ZINB modelwere estimated using either the entire sample (the probit analysis as the first part of the twopart model; the ZINB model), or the subsample with positive mental health care use (the second part of the two-part model). For the two-part model, interaction terms between mental health disorder and (public or private) insurance coverage were tested for statistical significance in both the first and second parts of the model. Based on the results of the test, the model included interaction terms in the first part but not the second. For ease of comparison, the interaction terms also were included in the logistic part of the ZINB model.
To construct the appropriate smearing factors for the purpose of retransformation in the second part of the OLS-based model, the log-scaled residuals from the OLS-based regression were used to test possible heteroscedasticity related to certain regressors (Cook and Weisberg 1983) .
The variance of the log-scaled errors was shown to be significantly correlated with the dummy that indicates whether an individual is Hispanic, but not with other variables. Therefore the smearing factors were calculated by Hispanic origin. In determining the GLM family for the GLM-based approach, results of the Park test on the HCC data rejected the hypothesis of the normal or Gaussian class for the distribution of the dependent variable, and suggested a Poissontype structure. 9 To compare the performance of the three models (the OLS-and GLM-based two-part models and the ZINB model) in terms of withinsample and out-of-sample prediction, this study also conducted a calibration test and a split-sample sign test Harrell, Lee, and Mark 1996) . The idea of the calibration test was to evaluate a model in terms of how well the prediction, based on the estimated model, captures variation in a new sample. For each of the two models under comparison, the original sample was randomly split into an estimation sample and a validation sample 200 times. Each time, the model was fit to the estimation sample and the estimated results were ''frozen.'' The model then was applied to the validation sample to predict the (unconditional) expected visits to mental health outpatient care. The observed number of visits from the validation sample then was regressed on the predicted visits. The regression yielded a constant term and an estimated coefficient of the predicted visits (the calibration statistics). A model overfit the estimation sample if the mean of the 200 statistics significantly deviated from 1. 10 The split-sample sign test followed the same steps as the calibration test, except that the ''frozen'' model was applied to the validation sample to yield a measure of its performance in terms of mean-squared-forecasting error (MSFE). Under the null hypothesis that the two models perform equally well, the number of times one model yields a lower MSFE than the other follows a binomial distribution with n total trials and a probability of .5 of ''success'' in each trial.
Conditional Prediction
The idea of predicting use of mental health outpatient care conditional on a policy that extends health coverage to the uninsured is as follows.
Holding all other regressors constant, the net effect of insurance coverage on expected utilization of the service can be derived by comparing the expected use conditional on being uninsured with the expected use conditional on being insured (via either public insurance or private insurance). That is,
where i indexes an individual who was originally uninsured, but covered with either public or private insurance under the hypothesized policy.
Given the multipart nature of some of the models, the bootstrap method was used to estimate standard errors for the estimations and predictions (Efron and Tibshirani 1993) . For example, to derive the standard error for the expected use of mental health care when the currently uninsured are extended public insurance, the HCC sample was bootstrapped 500 times, each time with the estimation sample being randomly selected with replication. Based on each of the bootstrap samples, parameters were estimated and the model ''frozen.'' The estimated model then was applied to the uninsured subsample to predict the probability of having any care and to estimate the expected visits for each uninsured individual when public insurance was switched to ''1.'' Weighted mean probability and mean visits across uninsured individuals then were calculated after each bootstrap replicate. This strategy resulted in an empirical distribution (with 500 observations) for each of the statistics of interest from which an empirical standard error could be calculated.
Results
The regression results of the three models are presented in Tables 2 and 3. 11 Results of the calibration test suggest that the OLS-based two-part model and the ZINB model, on average, overestimate the unconditional visits in the validation sample. The means of the calibration statistics from 200 random splits were .71 and .79, re-spectively. In contrast, the mean of the calibration statistics of the GLM-based two-part model was 1.19, suggesting an underestimate of the true use of mental health outpatient care on average. The split-sample sign test shows that out of the 200 times of random sample splitting, the ZINB model yielded the lowest mean-squared-forecasting error for 149 times, followed by the OLSbased two-part model (44 times), and the GLMbased two-part model (seven times). Between every two of the three models, the ZINB outperformed the OLS-based model 156 of 200 times (pϽ0.000); the ZINB outperformed the GLMbased two-part model 193 of 200 times (pϽ0.000); and the OLS-based two-part model outperformed the GLM-based two-part model 178 of 200 times (pϽ0.000). 12 Tables 4 and 5 show the predicted use before and after the extended coverage. The predicted use for the currently insured according to the model is presented in the first column to be compared to the results for the uninsured. The second column shows the predicted utilization according to the model for the baseline uninsured. By switching the dummy variable of public insurance from 0 to 1, prediction of mental health outpatient care use by the baseline uninsured conditional on coverage by a public insurance plan is generated and shown in column 3. The next column shows the results for extending private insurance coverage. Predicted change in utilization as a result of the extended coverage is calculated from the mean utilization and is shown in the last two columns. Results from the two-part models (Table 4 ) contain two sub-columns: one for the mean probability of any use, the other for the mean (unconditional) expected visits, weighted to be nationally representative and stratified across different levels of mental health care need. Since the ZINB model (Table 5) does not provide the split between positive users and nonusers, results show only the (unconditional) expected visits.
The results indicate that extended insurance coverage leads to both higher probability of using mental health outpatient care and higher expected utilization for the uninsured population. The incremental probability of any use by the uninsured, according to the two-part models, is three percentage points when public insurance is extended, and two percentage points when the uninsured are covered by a private plan. The Notes: Robust standard errors are in parentheses, corrected for clustering at the HCC sites. The entire HCC sample (with age Ͻ65) is used to estimate the probit model; the sample with positive use of mental health outpatient services is used to estimate the OLS-based and the GLM-based second part of the models. increase in expected outpatient mental health visits as a result of coverage by a public plan varies from .51 (a 65% increase) according to the OLS-based model, to .74 (104%) according to the GLM-based model, and to .96 (133%) as a result of the ZINB model. Incremental use under the private coverage is lower than that under the public coverage. All three models predict that, with the extended coverage, the gap in uti-lization between the insured and the uninsured is likely to be narrowed or even closed.
A closer look at the results across groups with different needs of mental health care suggests how the benefit from the extended coverage would be distributed among different groups. In absolute terms, the incremental utilization by the group with any mental health disorder would always be higher than use by those without a disorder. However, the rate of change in expected visits is significantly higher for the group with no mental health diagnosis than the group with a diagnosis, which is a consistent result across the three models.
The sensitivity analysis of excluding the extreme user does not change the qualitative results on the relative performance of the three models. However, results of the sensitivity analysis (not shown) indicate that the outlier has a nontrivial impact on the estimation, especially on the incremental effect of public insurance, since the extreme user has a public plan as the main plan.
Discussion
Previous studies have produced great discrepancies in cost estimates of the mental health/ substance abuse (MH/SA) component of the policy proposal to extend health insurance to the uninsured. Others have pointed out fundamental flaws in applying either aggregate National Health Accounts data or simple prevalence data to the estimation, and have suggested a two-step estimation approach (Frank and McGuire 1995) . That is, the suggestion has been to first estimate the prevalence of use of MH/SA care among the uninsured when insurance is extended to them, and then to estimate the intensity of use for each user (and based on this, a cost estimate can be derived). This paper contributes to the current literature by adopting and comparing three modeling approaches-the OLS-based two-part model, the GLM-based two-part model, and the zero-inflated negative binomial model-in estimating and predicting the use of mental health outpatient care conditional on different insurance coverage.
Among the typical data problems that Manning and Mullahy (2001) considered for positive health care utilization, heavily tailed distribution and heteroscedasticity are two features of the log-scaled error that tend to favor one approach vs. the other. The OLS-based approach is more robust in the presence of a heavy tail, whereas the GLM-based approach yields consistent estimation when there is apparent heteroscedasticity but not serious kurtosis for the log-scaled error. Both are reasonable candidates for the second part of the two-part model. The zeroinflated negative binomial model, on the other hand, has been developed to capture the two different regimes within which zero outcomes are generated, as well as to allow for relaxation of the assumption of equal mean and variance as in a Poisson model. The performance of each of the three models depends on how well the model approximates the underlying data-generating process, as well as the relative significance of the major data problems. .30 (120%)
Notes: The uninsured are switched to public insurance or private insurance when calculating the conditional prediction. Standard error in parentheses for the predicted probability and expected visits are derived from bootstrap. a ''Visits'' are the expected unconditional visits, as calculated using Equation (5) in the text. b Absolute and percentage change are calculated from the mean of the predicted utilization.
In this study, examination of the residuals from the OLS-based regression indicates a kurtosis of 2.8, suggesting that the concern for a heavy tail is not well supported. On the other hand, the problem of heteroscedasticity in this data was not of a multivariate nature. As discussed earlier, regression diagnostics show that heteroscedasticity of the log-scaled error was only present by Hispanic ethnicity. The fact that neither of the two data problems dominates may imply that the performance of the two approaches is likely to be indistinguishable if the underlying data-generating process for the positive outcomes (the ''true model'') is not exactly OLS or GLM. Although the negative binomial model is itself a member of the GLM family, its zeroinflated alternative, the ZINB, may or may not improve upon the GLM in the two-part approach, depending on the ''true process'' of generating the zeros.
The results of model validation (in terms of out-of-sample prediction) favor the ZINB model over the OLS-based and the GLM-based twopart models. It may not be a general result for medical outpatient care, however, because the population distribution of mental health outpatient care typically involves a larger proportion of zero users than medical care, and therefore may be better approximated by the two-regime approach in the ZINB model. 13 The conditional prediction of incremental use of mental health outpatient care with the extended insurance shows similar results with both the OLS-based and the GLM-based two-part models, whereas the predictions based on the ZINB are higher, but not dramatically different. The fact that the adoption of different approaches, especially that of the OLS-based and the GLM-based models, has not led to significantly different results may suggest that results are insensitive to model selection, given the specific empirical distribution of the data.
Compared to results of earlier studies on a similar topic (Zuvekas 1999) , this study indicates both higher mental health care utilization and lower incremental use when insurance is extended to the uninsured. Higher baseline utilization may reflect better access to mental health care and generally higher use in the years when HCC data were collected (1997-98) compared to the time when the NMES was fielded (1987) . There are several possible explanations for the lower incremental use. First, the incremental effect of insurance coverage is likely to diminish with baseline utilization. Second, the growth of managed care in the mental health sector in the past decade may have reduced the intensity of mental health specialty care, via pre-authorization and other care management tools. Third, better measurement of mental health status in HCC (as compared to NMES) is likely to have resulted in less bias of estimated coefficients of the insurance variables.
Results of this study show that extending public insurance would lead to more utilization than private coverage. This is not surprising, because public insurance plans (e.g., Medicaid) usually have been more generous in covering mental health specialty care than private plans even after the passage of mental health parity legislation Sturm and Pacula 2000) . Also, as indicated by the results of conditional prediction, the percentage change in use as a result of the extended coverage was higher for the group without a mental health diagnosis than for the group with a diagnosis, which is consistent with Zuvekas' findings (Zuvekas 1999) . While these findings are compatible with the observed development of the nation's mental health care services in the late 1990s, the quantitative results of the conditional prediction may not have direct policy implication for the following reasons. As pointed out by Zuvekas (1999) , studies of this kind need to take into account both demand response and supply constraints, especially in the context of managed care. For reasons detailed in the data section, indicators for different types of managed care are not included in the estimation. Future studies might collect data on the management feature of mental health care delivery, and conduct conditional prediction of policies given different supply constraints.
Another obvious caveat with the models adopted in this study is the omitted variable bias for the estimated coefficients of the insurance variables. Although the HCC data measured several types of mental health need as used in this study, there are still unobserved/unmeasured mental health conditions that possibly may be correlated with a person's insurance status. Adverse selection is a typical story in the case of private insurance, although it is of less concern in the case of group insurance, and people with serious mental illness are less likely to be employed and therefore insured by a private plan. Therefore the net effect is ambiguous. However, under public insurance, both adverse selection (''those in need are more likely to sign up for insurance'') and the unemployment story (''seriously mentally ill-unemployed-low income-qualifying for public insurance'') point to an upward bias of the estimation of the insurance effect. This bias may partly explain the greater incremental effect of public insurance than private insurance in the results of the conditional prediction.
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the purpose of estimating the second-part of the two-part model), the analysis is conducted without separately identifying different types of public insurance so that the coefficients can be estimated more reliably. 6 The HCC questionnaire was designed in a way that federal or state employee plans were considered ''employer-sponsored'' plans, and therefore classified as ''private insurance.'' 7 This is out of the consideration that the general population usually does not qualify for these plans and that the extended insurance is more likely to resemble the more generic plans (e.g., Medicare or Medicaid) than any of these plans. Sample statistics of essential variables do not change significantly after these individuals are excluded. 8 Chronic conditions include: asthma, diabetes (or high blood sugar), hypertension (or high blood pressure), disability, trouble breathing, cancer diagnosed within the last three years, neurological condition, stroke or major paralysis, angina, heart failure or coronary artery disease, stomach ulcer, chronic inflamed bowel, enteritis or colitis, chronic liver disease, chronic problems urinating or bladder infections, and chronic gynecological problems. 9 The coefficient of the linear regression of ln(y Ϫ ŷ) 2 on ln(ŷ) is 0.74 (95% confidence interval: [.463, 1.023]). It is not significantly different from 1, the value that would suggest a Poissontype class (i.e., the variance of the dependent variable is proportional to its mean). 10 The idea of the calibration test benefits from the author's discussion with Will Manning. 11 Notice that the inflated part of the ZINB model estimates the probability of regime 1, (i.e., the probability of not incurring any mental health outpatient visits at all). Therefore, the signs of the estimated coefficients in the inflated part of ZINB model are likely to be the opposite of those in the first part of the two-part model. 12 The performance of the models in terms of within-sample prediction (measured by mean-squared prediction error) also was examined. In general, the ZINB model yields a lower mean-squared prediction error than the other two models. 13 Examination of the data on general outpatient care (''doctor visits'') from the CTS (on the same individuals as studied in this study) indicates that the distribution of general outpatient visits has a much smaller proportion of zero outcomes (nonusers) during a year (21.5% of the sample) than that of mental health outpatient care (94.6%). For positive outcomes, the former is much less skewed than the latter. If the three models are applied to the general outpatient visits, it is likely that the ZINB model will be less favored, while the performance of the GLM-based two-part model will improve relative to the OLS-based two-part model.
